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Description

CROSS-REFERENCE TO RELATED APPLICATIONS AND PRIORITY

[0001] The patent application claims priority to Indian patent application no. Application No. 202021036263, filed in
India on August 23, 2020.

TECHNICAL FIELD

[0002] The disclosure herein generally relates to animating images with audio signal, and, more particularly, to method
and system for generating 2D animated lip images synchronizing to an audio signal.

BACKGROUND

[0003] In multimedia communication, audio and video synchronization plays a major role in speech recognition and
animation. Lip synchronization refers to the relative temporal distinction between the audio and image during transmission
and reception. Recent advances in convolutional neural network based approaches generate convincing talking heads.
The current State-Of-the-Art (SOA) speech driven models generalize talking heads at one time by training deep neural
network with huge training datasets comprising of multiple subjects. With such trainings it is difficult to produce faithful
rendering of lip movement on a target unseen face image. Also, there are methods to train the personalized network
with huge training datasets samples with the target face only. However, training such models is very time consuming
and requires huge training datasets for each of the target faces.
[0004] In one existing method, recurrent neural network predicts the mouth shape for every frame of the audio and
uses separate network to generate texture for the predicted mouth shape. These methods lack generalization as these
methods require re-training the entire model with hours or minutes of video of other subjects. In another method, gen-
erating realistic animation of the unseen target subject face without retraining the model can be applied to an arbitrary
subject. This method generates face sequences but limits in providing clarity images thereby resulting blurry and not
temporally meaningful images, and the generated lips move even when there is no utterance.
Alexandros Koumparoulis et al.: "Audio-Assisted Image Inpainting for Talking Faces" discloses completing missing areas
of images of talking faces, exploiting information from both the visual and audio modalities. Existing image inpainting
methods rely solely on visual content that doesn’t always provide sufficient information for the task. To counter this, a
neural network is proposed that employs an encoder-decoder architecture with a bimodal fusion mechanism, thus taking
into account both visual and audio content. The proposed method demonstrates consistently superior performance over
a baseline visual-only model, reaching for example up to 17% relative improvement in mean absolute error. The presented
model is applicable to practical video editing tasks, such as object and overlay-text removal from talking faces, where
existing lip and face generation works are not applicable as they require clean input.
Egor Zakharov et al.: "Few-Shot Adversarial Learning of Realistic Neural Talking Head Models" states that several recent
works have shown how highly realistic human head images can be obtained by training convolutional neural networks
to generate them. In order to create a personalized talking head model, these works require training on a large dataset
of images of a single person. However, in many practical scenarios, such personalized talking head models need to be
learned from a few image views of a person, potentially even a single image. Here, the authors present a system with
such few-shot capability. It performs lengthy meta-learning on a large dataset of videos, and after that is able to frame
few and one-shot learning of neural talking head models of previously unseen people as adversarial training problems
with high-capacity generators and discriminators. Crucially, the system is able to initialize the parameters of both the
generator and the discriminator in a person-specific way, so that training can be based on just a few images and done
quickly, despite the need to tune tens of millions of parameters. The authors show that such an approach is able to learn
a highly realistic and personalized talking head models of new people and even portrait paintings.
Finn Chelsea et al.: "Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks" discloses an algorithm for
meta-learning that is model-agnostic, in the sense that it is compatible with any model trained with gradient descent and
applicable to a variety of different learning problems, including classification, regression, and reinforcement learning.
The goal of meta-learning is to train a model on a variety of learning tasks, such that it can solve new learning tasks
using only a small number of training samples. In the proposed approach, the parameters of the model are explicitly
trained such that a small number of gradient steps with a small amount of training data from a new task will produce
good generalization performance on that task. In effect, the method trains the model to be easy to fine-tune. Demonstrate
that this approach leads to state-of-the-art performance on two few shot image classification benchmarks, produces
good results on few-shot regression, and accelerates fine-tuning for policy gradient reinforcement learning with neural
network policies.
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SUMMARY

[0005] Embodiments of the present disclosure present technological improvements as solutions to one or more of the
above-mentioned technical problems recognized by the inventors in conventional systems. According to the invention,
a system for generating 2D animated lip images synchronizing to an audio signal is provided according to claim 4.
[0006] In another aspect, a method for generating 2D animated lip images synchronizing to an audio signal is provided
according to claim 1.
[0007] In yet another aspect, provides one or more non-transitory machine readable information storage mediums
comprising one or more instructions according to claim 7 is provided.
[0008] It is to be understood that both the foregoing general description and the following detailed description are
exemplary and explanatory only and are not restrictive of the invention, as claimed.

BRIEF DESCRIPTION OF THE DRAWINGS

[0009] The accompanying drawings, which are incorporated in and constitute a part of this disclosure, illustrate ex-
emplary embodiments and, together with the description, serve to explain the disclosed principles:

FIG. 1 illustrates an exemplary block diagram of a system (alternatively referred as lip generation system), in ac-
cordance with some embodiments of the present disclosure.
FIG. 2 illustrates a high-level architectural overview of the lip generation system trained using a meta learning based
model agnostic technique, according to some embodiments of the present disclosure.
FIG. 3 is a flow diagram illustrating a method for generating 2D animated lip images synchronizing to the audio
signal using the system of FIG. 1, according to some embodiments of the present disclosure.
FIG. 4 illustrates three phases of meta learning model based on the model agnostic technique implemented for the
lip generator system, according to some embodiments of the present disclosure.
FIG.5A illustrates 2D animated lip images when deep speech features are used as input audio features in comparison
with Log-amplitude Mel-frequency Spectrum (LMS) features, according to some embodiments of the present dis-
closure.
FIG.5B illustrates 2D animated lip images generated with the lip generator system when trained with meta learning
based approach in comparison with non-meta learning based gradient descent approach, according to some em-
bodiments of the present disclosure.
FIG. 6 illustrates graphical representation of loss generated for meta learning model with increasing epochs in
comparison with transfer learning loss, according to some embodiments of the present disclosure.
FIG.7 illustrates graphical representation of generated loss and corresponding improvement of 2D animated lip
images synchronized for the audio signal for cross-dataset trained models, according to some embodiments of the
present disclosure.
FIG.8 illustrates graphical representation of generated 2D animated lip images using the system of FIG.1 in com-
parison with state of the art methods, according to some embodiments of the present disclosure.

DETAILED DESCRIPTION OF EMBODIMENTS

[0010] Exemplary embodiments are described with reference to the accompanying drawings. In the figures, the left-
most digit(s) of a reference number identifies the figure in which the reference number first appears. Wherever convenient,
the same reference numbers are used throughout the drawings to refer to the same or like parts. While examples and
features of disclosed principles are described herein, modifications, adaptations, and other implementations are possible
without departing from the scope of the disclosed embodiments. It is intended that the following detailed description be
considered as exemplary only, with the true scope being indicated by the following claims.
[0011] Embodiments herein provides a method and system for generating 2D animated lip images synchronizing to
an audio signal for unseen subjects. The method disclosed is a trained meta learning based model agnostic technique
to generate 2D animated lip images for unseen subjects. The system or alternatively referred as a lip generator system
enables generating realistic 2D animated lip images for an unseen target subject synchronizing with the audio signal.
The system is finetuned with limited training dataset samples corresponding to the unseen target subj ect within predefined
interval of time. Further, the lip generator system comprises a meta trained and finetuned audio encoder, a meta trained
and finetuned image encoder and a meta trained and finetuned decoder. The meta learning based model agnostic
technique is capable of quickly learning new task from a limited number of training datasets, wherein the training datasets
includes a plurality of subject’s lip images. The present disclosure results in providing better encoding of the audio using
deep speech features rather than Log-amplitude Mel-frequency Spectrum (LMS) features of the audio signal as one of
the inputs enabling to generate accurate 2D animated images of the target subject. The lip generator system provides
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better rendering on arbitrary faces by finetuning for very short time as 180 sec using only few samples of the unseen
target subject.
[0012] Referring now to the drawings, and more particularly to FIG. 1 through FIG. 8, where similar reference characters
denote corresponding features consistently throughout the figures, there are shown preferred embodiments and these
embodiments are described in the context of the following exemplary system and/or method.
[0013] FIG. 1 illustrates an exemplary lip generator system implemented for generating 2D animated lip images syn-
chronizing to an audio signal, according to some embodiments of the present disclosure.
[0014] In an embodiment, the arrival time prediction system 100 includes processor (s) 104, communication interface
(s), alternatively referred as or input/output (I/O) interface(s) 106, and one or more data storage devices or memory 102
operatively coupled to the processor (s) 104. The system 100, with the processor(s) is configured to execute functions
of one or more functional blocks of the system 100.
[0015] Referring to the components of the system 100, in an embodiment, the processor (s) 104 can be one or more
hardware processors 104. In an embodiment, the one or more hardware processors 104 can be implemented as one
or more microprocessors, microcomputers, microcontrollers, digital signal processors, central processing units, state
machines, logic circuitries, and/or any devices that manipulate signals based on operational instructions. Among other
capabilities, the processor(s) 104 is configured to fetch and execute computer-readable instructions stored in the memory.
In an embodiment, the system 100 can be implemented in a variety of computing systems, such as laptop computers,
notebooks, 10 hand-held devices, workstations, mainframe computers, servers, a network cloud, and the like.
[0016] The I/O interface(s) 106 can include a variety of software and hardware interfaces, for example, a web interface,
a graphical user interface, and the like and can facilitate multiple communications within a wide variety of networks N/W
and protocol types, including wired networks, for example, LAN, cable, etc., and wireless networks, such as WLAN,
cellular, or satellite. In an embodiment, the I/O interface (s) 106 can include one or more ports for connecting a number
of devices (nodes) of the system 100 to one another or to another server.
[0017] The memory 102 may include any computer-readable medium known in the art including, for example, volatile
memory, such as static random access memory (SRAM) and dynamic random access memory (DRAM), and/or non-
volatile memory, such as read only memory (ROM), erasable programmable ROM, flash memories, hard disks, optical
disks, and magnetic tapes. The memory 102 comprises a plurality of modules 108 such as arrival time predictor module
110 , a historical database 112 and a reward engine 114 and so on, to implement the functions generating 2D animated
lip images synchronizing to the audio signal using the system 100.
[0018] FIG.2 illustrates a high-level architectural overview of the lip generator system trained using a meta learning
based model agnostic technique, according to some embodiments of the present disclosure. FIG.2 is the lip generator
system 100 comprising the meta trained and finetuned audio encoder, the meta trained and finetuned image encoder
and the meta trained and finetuned decoder. The system 100 receives an audio signal and a target lip image of an
unseen target subject as inputs from a user for generating a plurality of 2D animated lip images of the unseen target
subject. The meta trained and finetuned audio encoder extracts audio signal features from the audio signal. The meta
trained and finetuned image encoder extracts image features from the target lip image.
[0019] Further, the memory 102 may comprise information pertaining to input(s)/output(s) of each step performed by
the processor(s) 104 of the system 100 and methods of the present disclosure. Functions of the components of system
100, for generating 2D animated lip images synchronizing to the audio signal, are explained in conjunction with FIG.3
through FIG.8 providing flow diagram, architectural overviews, and performance analysis of the system 100.
[0020] FIG.3 is a flow diagram illustrating a method for generating 2D animated lip images synchronizing to the audio
signal using the system 100 of FIG.1, according to some embodiments of the present disclosure.
[0021] In an embodiment, the system 100 comprises one or more data storage devices or the memory 102 operatively
coupled to the processor(s) 104 and is configured to store instructions for execution of steps of the method 300 by the
processor(s) or one or more hardware processors 104. The steps of the method 300 of the present disclosure will now
be explained with reference to the components or blocks of the system 100 as depicted in FIG. 1 and the steps of flow
diagram as depicted in FIG.3. Although process steps, method steps, techniques or the like may be described in a
sequential order, such processes, methods and techniques may be configured to work in alternate orders. In other words,
any sequence or order of steps that may be described does not necessarily indicate a requirement that the steps to be
performed in that order. The steps of processes described herein may be performed in any order practical. Further,
some steps may be performed simultaneously.
[0022] Referring now to the steps of the method 300, at step 302, the one or more hardware processors 104 to receive
by a lip generator system, an audio signal and a target lip image of an unseen target subject as inputs from a user. The
lip generator system is trained using a meta learning based model agnostic technique, where each 2D animated lip
image is synchronized to the input audio signal. Here, the received audio signal is represented by a set of n audio

windows,  and the target lip image is represented as Ai. The lip generator system processes the
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received audio signal and the target lip image for generating 2D animated lip images depicted as 
synchronizing with the audio signal. The lip generator system includes two encoders for extracting feature representation
from two modalities such as audio features and image features.
[0023] Referring now to FIG.4, FIG.4 illustrates three phases of meta learning model based on the model agnostic
technique implemented for the lip generator system, according to some embodiments of the present disclosure. Training
the lip generator system using the meta learning based model agnostic technique comprises of two phases such as
meta training and finetuning. In the meta training phase, the system 100 obtains a training dataset comprising a plurality
of data. Each data constitutes a subject’s lip image and the audio signal as input and the corresponding subject’s
sequence of lip images synchronized to the input audio signal as output. Here, the data from the plurality of data is
splitted into a plurality of episodes. Each episode consists of ’t’ number of tasks and each task corresponds to one
subject. Each task is split into a set consisting of a predefined number of training data samples corresponding to that
subject and a set consisting of a predefined number of test data samples corresponding to same subject. Here, the task

is defined as  , where ’T’ refers to the task corresponding to the
subject and trn, qry are the number of training and test data samples per task.. Further, the method initializes a one or
more fast weights (also refer as fast weight(s) and interchangeably used herein) and a global weights (also refer as
global weight(s) and interchangeably used herein), wherein the features corresponding to each individual subject are
learnt using the one or more fast weights. The one or more global weights are updated based on the one or more fast
weights for global representation of the one or more features for the training dataset corresponding to all the subjects.
Referring now to FIG.3 and FIG.7. The loss is represented as li, i = 1, ... t for each of t tasks in the episode. For each
task of any episode perform the steps of:

Step 1 : copying, the one or more global weights into the one or more fast weights,
Step 2 :updating, the one or more fast weights using a gradient descent technique on training dataset samples
corresponding to one randomly selected task among the plurality of tasks, and
Step 3: determining, the loss corresponding to the test data samples of the task with respect to the one or more fast
weights, wherein the loss is represented as li, i = 1, ..., t .

[0024] Further, the one or more global weights are updated based on the loss accumulated over all the tasks in one
episode. In the finetuning (or fine-tuning and interchangeably used herein) phase, the lip generator system is updated
with few samples of the unseen subject. This enables the lip generator system to learn the target subject’s intrinsic
features. The meta trained model is finetuned for a predefined interval of time using a predetermined number of training
data samples corresponding to the unseen target subject. The predefined interval of time is of about 180 seconds. This
way, the method further comprising protects a plurality of intrinsic features of the plurality of 2D animated lip images of
the unseen target subject, wherein the plurality of intrinsic features for the unseen target subject includes skin color,
shape of lip, and sharpness of lip, and the like.
[0025] In another embodiment, the pixel level reconstruction loss is represented between the plurality of 2D animated
lip images v and the original video v as given below in equation 1, 

Due to the pixel level reconstruction loss the generated lip images retain the texture of the target subject image but
reduce the sharpness of the synthesized video frames. To obtain the perceptual loss a new auto-encoder is trained that
reconstructs the video clips . The Perceptual loss is defined as specified below in equation (2), 

where τ(v) is the encoder part of the pre-trained auto-encoder. The objective is to minimizes the composite loss as given
in equation (3), 

[0026] Referring now to the steps of the method 300, at step 304, the one or more hardware processors 104 to extract,

^



EP 3 965 102 B1

6

5

10

15

20

25

30

35

40

45

50

55

by the meta trained and finetuned audio encoder a plurality of high dimensional audio features from the input audio
signal. Referring now to FIG.2 and FIG.4, the convolutional audio encoder performs extracting the plurality of high
dimensional features to generate the 2D animated lip images. Considering the above inputs received, the audio signal
Aa is processed for extraction of the plurality of high dimensional audio features for representing the contents of the
audio signal . The audio signal is further encoded into Mel-Frequency cepstral coefficients Alms which are served as an
input to the trained Deep Speech (DS) network is utilized. We use the output of the last but one layer of the DS network.
These features (denoted as ADS) are used as input to the meta learning and finetuned audio encoder comprised in the
system 100. The meta learned and finetuned audio encoder θa extracts the plurality of high dimensional audio features fa.
[0027] Referring now to the steps of the method 300, at step 306, the one or more hardware processors 104 to extract
a plurality of high dimensional image features from the target lip image using the meta trained and finetuned image
encoder. The input target lip image Ai is encoded using the meta trained and finetuned image encoder θi to extract the
plurality of high dimensional image features fi. Here, the audio image fusion of the lip generator system fuses the plurality
of high dimensional audio features fa extracted from the meta trained and finetuned audio encoder with the plurality of
high dimensional image features fi extracted from the meta trained and finetuned image encoder to generate the plurality
of high dimensional audio image features fv.
[0028] Referring now to the steps of the method 300, at step 308, the one or more hardware processors 104 generate
via the meta trained and finetuned decoder a plurality of 2D animated lip images of the unseen target subject to synchronize
with the audio signal based on the plurality of high dimensional audio image features serving as an input to the meta
trained and finetuned decoder. The plurality of high dimensional audio image features are processed by the meta trained
and finetuned decoder to generate the plurality of 2D animated lip images v = θg (fv) , where θg is the meta trained and
finetuned decoder of the lip generator system. The lip generator system trained using the meta learning based model
agnostic technique has two types of training datasets that includes a GRID dataset and a TCD-TIMIT dataset. The
available training datasets are compared with the present disclosure, where the GRID dataset consists of 33 subjects
each having 1000 videos. In each video, the subject utters a small sentence. The present disclosure is evaluated using
the TCD-TIMIT dataset. The TCD-TIMIT dataset includes all white subjects. Therefore, to increase the variety of the
subjects’ ethnicity, a new dataset is created named as LVoc. The TCD-TIMIT dataset includes all white subjects to
increase the variety of the subjects’ ethnicity, where a new training dataset is created as LVoc. The LVoc dataset consists
of videos where each subject of the 28 subjects utters the subset of sentences taken from TCD-TIMIT dataset. The LVoc
consists of 300 sentences that are randomly selected from the 6300 sentences of the TCD-TIMIT dataset. The audio
signal of the GRID dataset are sampled at 44.1KHz with frame rate of about 25, the TCD-TIMIT dataset are sampled at
48KHz (Kilo Hertz) with frame rate of about 30 and the LVoc dataset are sampled at 48KHz (Kilo Hertz) with frame rate
of about 30. Further, all the audio signals are transformed into 16KHz (Kilo Hertz) before using as input to the deep
speech network. The GRID dataset has 900 videos selected from the random subjects of the GRID dataset. The grid
search is performed to find the minimum number of samples that are enough for finetuning and generating realistic
looking 2D animated lip images. Further, finetuning is performed with 10 samples and for meta learning and finetuning
a training sample consists of the audio segment, a randomly chosen image of the target and the sequence of images
corresponding to the audio segment. Further, from each video, the image sequence is sampled at a window length of
16 images with a stride of 8 images. Consider a 25fps video (e.g., GRID dataset) where each target image consists of
0.04 seconds and each sample of image sequence and the corresponding audio signal is of length 0.64 seconds. The
dlib is used for extraction of lips from the face images. Each lip image is resized to 64 * 64 pixels. The audio signal is
encoded into Mel frequency cepstral coefficients and used as input to the deep speech network (comprised in the system
100 - not shown in FIGS.). The number of Mel bands, the FFT window length and the number of samples between
successive frames are 128, 1024 and 512. The Adam optimizer (comprised in the system 100 - not shown in FIGS.)
with learning rate for the one or more global weights is 0.001 and the one or more fast weights is 0.01.
[0029] FIG.5A illustrates 2D animated lip images when deep speech features are used as input audio features in
comparison with Log-amplitude Mel-frequency Spectrum (LMS) features, according to some embodiments of the present
disclosure. More specifically, FIG.5A depicts comparison of 2D animated lip images generated synchronizing the audio
signal represented as deep speech features and Log-amplitude Mel-frequency Spectrum (LMS) features. The lip gen-
erator system trained with deep speech features generate 2D animated lip images with reduced time and converge
faster as compared to lip generator system trained with Log-amplitude Mel-frequency Spectrum (LMS) features. The
deep speech features encode the features for fast convergence of the lip generator system.
[0030] FIG.5B illustrates 2D animated lip images generated with the lip generator system when trained with meta
learning based approach in comparison with non-meta learning based gradient descent approach, according to some
embodiments of the present disclosure. More specifically, FIG.5B depicts 2D animated lip images driven by the audio
signal representing the plurality of high dimensional audio features with proper 2D animated features. This lip generator
system trained with meta learning provides better intrinsic features of the target subject such as the skin color, the shape
of lip and the sharpness of lip as compared to non meta learned lip generator system.
[0031] FIG. 6 illustrates graphical representation of loss generated for meta learning model with increasing epochs in

^
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comparison with transfer learning loss, according to some embodiments of the present disclosure. The graph depicts
results of meta learning based model agnostic technique with increasing epochs. The lip generator system is trained
and tested with the GRID dataset. The test subjects are not included in the training. Transfer learning is utilized on the
base model using the 10 samples of the target subject. The loss for meta learning is less per epoch as compared to
loss for transfer learning.
[0032] FIG.8 illustrates graphical representation of generated 2D animated lip images using the system of FIG.1
generated using the method of the present disclosure in comparison with state of the art methods, according to some
embodiments of the present disclosure. The lip generator system of the present disclosure are trained and tested with
GRID dataset and the intrinsic features of the model such as the skin color, the shape of lip and the sharpness of lip is
preserved and results better in comparison with the existing State-Of-the-Art (SOA) models. The present disclosures
lip generator system is compared with the existing prior arts approaches, where the 2D animated lip images are driven
by the audio signal and the target lip image for the unseen subject. Table 1 provides quantitative comparison of the lip
generator system with the existing prior arts providing PSNR, SSIM, L1 loss and LMD results.

[0033] The lip generator system has been trained and tested with GRID dataset and the test dataset subject is not
included in the training dataset. The present disclosure provides better LMD and signifies better animation capability.
This method provides better PSNR and preserves intrinsic features such as skin color and lip shape.
[0034] The written description describes the subject matter herein to enable any person skilled in the art to make and
use the embodiments.
[0035] The embodiments of present disclosure herein addresses unresolved problem generating realistic animated
lip images on unseen target subject. The embodiment thus provides a method and system for generating 2D animated
lip images synchronizing to an audio signal. The present disclosure provides efficiently generated animated lip images
using the lip generator system rendering on arbitrary faces after being finetuned for a predefined interval time of about
180 seconds using a predetermined number of samples of the unseen subject. The lip generator system is trained using
the meta learning based model agnostic technique which also enables protecting the intrinsic features of the lip image
that includes the skin color, the shape of lip, and the sharpness of lip. The lip generator system provides better encoding
for generating 2D animated lip images synchronizing with the audio signal based on deep speech features for providing
better animation.
[0036] It is to be understood that the scope of the protection is extended to such a program and in addition to a
computer-readable means having a message therein; such computer-readable storage means contain program-code
means for implementation of one or more steps of the method, when the program runs on a server or mobile device or
any suitable programmable device. The hardware device can be any kind of device which can be programmed including
e.g. any kind of computer like a server or a personal computer, or the like, or any combination thereof. The device may
also include means which could be e.g. hardware means like e.g. an application-specific integrated circuit (ASIC), a
field-programmable gate array (FPGA), or a combination of hardware and software means, e.g. an ASIC and an FPGA,
or at least one microprocessor and at least one memory with software processing components located therein. Thus,
the means can include both hardware means and software means. The method embodiments described herein could
be implemented in hardware and software. The device may also include software means. Alternatively, the embodiments
may be implemented on different hardware devices, e.g. using a plurality of CPUs.
[0037] The embodiments herein can comprise hardware and software elements. The embodiments that are imple-
mented in software include but are not limited to, firmware, resident software, microcode, etc. The functions performed
by various components described herein may be implemented in other components or combinations of other components.
For the purposes of this description, a computer-usable or computer readable medium can be any apparatus that can
comprise, store, communicate, propagate, or transport the program for use by or in connection with the instruction
execution system, apparatus, or device.
[0038] The embodiments herein can comprise hardware and software elements. The embodiments that are imple-
mented in software include but are not limited to, firmware, resident software, microcode, etc. The functions performed
by various components described herein may be implemented in other components or combinations of other components.
For the purposes of this description, a computer-usable or computer readable medium can be any apparatus that can

Table 1 - Quantitative Comparison of the lip generator system with the existing prior arts

PSNR SSIM L1 loss LMD

Chen et al (prior art) 27.50 0.73 1.58 2.10

KR et al (prior art) 33.40 0.96 - 0.6

Lip generator (present disclosure) 31.3 0.98 1.24 1.20
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comprise, store, communicate, propagate, or transport the program for use by or in connection with the instruction
execution system, apparatus, or device.
[0039] The illustrated steps are set out to explain the exemplary embodiments shown, and it should be anticipated
that ongoing technological development will change the manner in which particular functions are performed. These
examples are presented herein for purposes of illustration, and not limitation. Further, the boundaries of the functional
building blocks have been arbitrarily defined herein for the convenience of the description.
[0040] Furthermore, one or more computer-readable storage media may be utilized in implementing embodiments
consistent with the present disclosure. A computer-readable storage medium refers to any type of physical memory on
which information or data readable by a processor may be stored. Thus, a computer-readable storage medium may
store instructions for execution by one or more processors, including instructions for causing the processor(s) to perform
steps or stages consistent with the embodiments described herein. The term "computer-readable medium" should be
understood to include tangible items and exclude carrier waves and transient signals, i.e., be non-transitory. Examples
include random access memory (RAM), read-only memory (ROM), volatile memory, nonvolatile memory, hard drives,
CD ROMs, DVDs, flash drives, disks, and any other known physical storage media.
[0041] It is intended that the disclosure and examples be considered as exemplary only, with a true scope of disclosed
embodiments being indicated by the following claims.

Claims

1. A processor implemented method to generate 2D animated lip images synchronizing to an audio signal of an unseen
target subject, the method comprising:

receiving (302), via the one or more hardware processors (104), by a lip generator system, an audio signal and
a target lip image of an unseen target subject as inputs from a user, wherein the lip generator system is trained
with deep speech features using a meta learning based model agnostic technique, the lip generator system
comprises a meta trained and finetuned audio encoder, a meta trained and finetuned image encoder and a
meta trained and finetuned decoder, wherein each 2D animated lip image is synchronized to the input audio
signal, and wherein training the lip generator system using the meta learning based model agnostic technique
comprises:

performing meta learning, on a training dataset comprising a plurality of data, wherein each data from the
plurality of data constitutes a subject’s lip image and an audio signal as input and the corresponding subject’s
sequence of lip images synchronized to the input audio signal as output, wherein each training dataset is
splitted into a plurality of episodes;
iteratively, performing for every episode from the plurality of episodes:

(i) splitting, each episode into a predefined number of tasks among a plurality of tasks, wherein each
task consists of a predefined number of training data samples and a predefined number of test data
samples corresponding to one subject;
(ii) initializing, one or more fast weights and one or more global weights, wherein the one or more
features corresponding to each individual subj ect are learnt using the one or more fast weights, wherein
the one or more global weights are updated based on the fast weights for global representation of the
one or more features for the training dataset corresponding to all the subjects;
(iii) iteratively, performing for every task from the plurality of tasks of the current episode,

a) copying, the one or more global weights into the one or more fast weights;
b) updating, the one or more fast weights using a gradient descent technique for training data
samples corresponding to the selected task among the plurality of tasks; and
c) determining, the loss on the test data samples corresponding to the subject of the task based
on the one or more fast weights; and

(iv) updating, the one or more global weights based on the loss accumulated based on the plurality of
tasks in the current episode;

extracting (304), via the one or more hardware processors (104),

by the meta trained and finetuned audio encoder a plurality of high dimensional audio features from the
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input audio signal,
by the meta trained and finetuned image encoder, a plurality of high dimensional image features from the
target lip image; and

generating (306), via the one or more hardware processors (104), a plurality of high dimensional audio image
features by fusing the plurality of high dimensional audio features with the plurality of high dimensional image
features; and
generating (308), by the meta trained and finetuned decoder via the one or more hardware processors (104),
a plurality of 2D animated lip images of the unseen target subject to synchronize with the input audio signal
based on the plurality of high dimensional audio image features serving as an input to the meta trained and
finetuned decoder.

2. The method as claimed in claim 1, wherein the meta learning based model agnostic technique is finetuned for a
predefined interval of time arbitrarily using a predetermined number of training data samples corresponding to the
unseen target subject.

3. The method as claimed in claim 1, wherein a plurality of intrinsic features of the unseen target subject includes skin
color, shape of lip, and sharpness of lip.

4. A lip generator system (100), to generate 2D animated lip images synchronizing to an audio signal of an unseen
target subject, comprising:

a memory (102) storing instructions;
one or more communication interfaces (106); and
one or more hardware processors (104) coupled to the memory (102) via the one or more communication
interfaces (106), wherein the one or more hardware processors (104) are configured by the instructions to:

receive (302), by a lip generator system, an audio signal and a target lip image of an unseen target subject
as inputs from a user, wherein the lip generator system is trained with deep speech features using a meta
learning based model agnostic technique, the lip generator system comprises a meta trained and finetuned
audio encoder, a meta trained and finetuned image encoder and a meta trained and finetuned decoder,
wherein each 2D animated lip image is synchronized to the input audio signal, and wherein training the lip
generator system using the meta learning based model agnostic technique comprises:

performing meta learning, on a training dataset comprising a plurality of data, wherein each data from
the plurality of data constitutes a subject’s lip image and an audio signal as input, and the corresponding
subject’s sequence of lip images synchronized to the input audio signal as output, wherein each training
dataset is splitted into a plurality of episodes;
iteratively, performing for every episode from the plurality of episodes:

(i) splitting, each episode into a predefined number of tasks among a plurality of tasks, wherein
each task consists of a predefined number of training data samples and a predefined number of
test data samples corresponding to one subject;
(ii) initializing, one or more fast weights and one or more global weights, wherein the one or more
features corresponding to each individual subj ect are learnt using the one or more fast weights,
wherein the one or more global weights are updated based on the fast weights for global repre-
sentation of the one or more features for the training dataset corresponding to all the subjects;
(iii) iteratively, performing for every task from the plurality of tasks of the current episode,

a) copying, the one or more global weights into the one or more fast weights;
b) updating, the one or more fast weights using a gradient descent technique for training data
samples corresponding to the selected task among the plurality of tasks; and
c) determining, the loss on the test data samples corresponding to the subject of the task
based on the one or more fast weights; and

(iv) updating, the one or more global weights based on the loss accumulated based on the plurality
of tasks in the current episode;
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extract (304),

by the meta trained and finetuned audio encoder a plurality of high dimensional audio features
from the input audio signal,
by the meta trained and finetuned image encoder, a plurality of high dimensional image features
from the target lip image; and

generate (306), a plurality of high dimensional audio image features by fusing the plurality of high
dimensional audio features with the plurality of high dimensional image features; and
generate (308), by the meta trained and finetuned decoder, a plurality of 2D animated lip images of
the unseen target subject to synchronize with the input audio signal based on the plurality of high
dimensional audio image features serving as an input to the meta trained and finetuned decoder.

5. The system (100) as claimed in claim 4, wherein the meta learning based model agnostic technique is finetuned for
a predefined interval of time arbitrarily using a predetermined number of training dataset samples corresponding to
the unseen target subject.

6. The system (100) as claimed in claim 4, wherein a plurality of intrinsic features of the unseen target subject includes
skin color, shape of lip, and sharpness of lip.

7. One or more non-transitory machine-readable information storage mediums comprising one or more instructions
which when executed by one or more hardware processors perform actions comprising:

receive, by a lip generator system, an audio signal and a target lip image of an unseen target subject as inputs
from a user, wherein the lip generator system is trained with deep speech features using a meta learning based
model agnostic technique, the lip generator system comprises a meta trained and finetuned audio encoder, a
meta trained and finetuned image encoder and a meta trained and finetuned decoder, wherein each 2D animated
lip image is synchronized to the input audio signal, and wherein training the lip generator system using the meta
learning based model agnostic technique comprises:

performing meta learning, on a training dataset comprising a plurality of data, wherein each data from the
plurality of data constitutes a subject’s lip image and an audio signal as input and the corresponding subject’s
sequence of lip images synchronized to the input audio signal as output, wherein each training dataset is
splitted into a plurality of episodes;
iteratively, performing for every episode from the plurality of episodes:

(i) splitting, each episode into a predefined number of tasks among a plurality of tasks, wherein each
task consists of a predefined number of training data samples and a predefined number of test data
samples corresponding to one subject;
(ii) initializing, one or more fast weights and one or more global weights, wherein the one or more
features corresponding to each individual subj ect are learnt using the one or more fast weights, wherein
the one or more global weights are updated based on the fast weights for global representation of the
one or more features for the training dataset corresponding to all the subjects;
(iii) iteratively, performing for every task from the plurality of tasks of the current episode,

a) copying, the one or more global weights into the one or more fast weights;
b) updating, the one or more fast weights using a gradient descent technique for training data
samples corresponding to the selected task among the plurality of tasks; and
c) determining, the loss on the test data samples corresponding to the subject of the task based
on the one or more fast weights; and

(iv) updating, the one or more global weights based on the loss accumulated based on the plurality of
tasks in the current episode;

extract,

by the meta trained and finetuned audio encoder a plurality of high dimensional audio features from
the input audio signal,
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by the meta trained and finetuned image encoder, a plurality of high dimensional image features from
the target lip image; and

generate, a plurality of high dimensional audio image features by fusing the plurality of high dimensional
audio features with the plurality of high dimensional image features; and
generate, by the meta trained and finetuned decoder, a plurality of 2D animated lip images of the unseen
target subject to synchronize with the input audio signal based on the plurality of high dimensional audio
image features serving as an input to the meta trained and finetuned decoder.

8. The one or more non-transitory machine-readable information storage mediums of claim 7, wherein the meta learning
based model agnostic technique is finetuned for a predefined interval of time arbitrarily using a predetermined
number of training dataset samples corresponding to the unseen target subject.

9. The one or more non-transitory machine-readable information storage mediums of claim 7, wherein a plurality of
intrinsic features of the unseen target subject includes skin color, shape of lip, and sharpness of lip.

Patentansprüche

1. Prozessorimplementiertes Verfahren zum Erzeugen von animierten 2D-Lippenbildern, die mit einem Audiosignal
eines ungesehenen Zielsubjekts synchronisiert werden, wobei das Verfahren Folgendes umfasst:

Empfangen (302), über den einen oder die mehreren Hardwareprozessoren (104), durch ein Lippengenerator-
system, eines Audiosignals und eines Ziellippenbilds eines ungesehenen Zielsubjekts als Eingaben von einem
Benutzer, wobei das Lippengeneratorsystem mit tiefen Sprachmerkmalen unter Verwendung einer metalern-
basierten modellagnostischen Technik trainiert wird, wobei das Lippengeneratorsystem einen metatrainierten
und feinabgestimmten Audiocodierer, einen metatrainierten und feinabgestimmten Bildcodierer und einen me-
tatrainierten und feinabgestimmten Decodierer umfasst, wobei jedes animierte 2D-Lippenbild mit dem Ein-
gangsaudiosignal synchronisiert wird, und wobei das Trainieren des Lippengeneratorsystems unter Verwen-
dung der metalernbasierten modellagnostischen Technik Folgendes umfasst:

Durchführen von Metalernen an einem Trainingsdatensatz, der eine Mehrzahl von Daten umfasst, wobei
jede Daten aus der Mehrzahl von Daten ein Lippenbild eines Subjekts und ein Audiosignal als Eingabe
und die entsprechende Sequenz von Lippenbildern des Subjekts, die mit dem Eingangsaudiosignal syn-
chronisiert sind, als Ausgabe darstellt, wobei jeder Trainingsdatensatz in eine Mehrzahl von Episoden
aufgeteilt wird;
iteratives Durchführen für jede Episode aus der Mehrzahl von Episoden:

(i) Aufteilen jeder Episode in eine vordefinierte Anzahl von Aufgaben aus einer Mehrzahl von Aufgaben,
wobei j ede Aufgabe aus einer vordefinierten Anzahl von Trainingsdatenproben und einer vordefinierten
Anzahl von Testdatenproben besteht, die einem Subjekt entsprechen;
(ii) Initialisieren einer oder mehrerer schneller Gewichtungen und einer oder mehrerer globaler Ge-
wichtungen, wobei das eine oder die mehreren Merkmale, die jedem individuellen Subjekt entsprechen,
unter Verwendung der einen oder der mehreren schnellen Gewichtungen gelernt werden, wobei die
eine oder die mehreren globalen Gewichtungen basierend auf den schnellen Gewichtungen zur glo-
balen Darstellung des einen oder der mehreren Merkmale für den Trainingsdatensatz, der allen Sub-
jekten entspricht, aktualisiert werden;
(iii) iteratives Durchführen für jede Aufgabe aus der Mehrzahl von Aufgaben der aktuellen Episode:

a) Kopieren der einen oder der mehreren globalen Gewichtungen in die eine oder die mehreren
schnellen Gewichtungen;
b) Aktualisieren der einen oder der mehreren schnellen Gewichtungen unter Verwendung einer
Gradientenabstiegstechnik für Trainingsdatenproben, die der ausgewählten Aufgabe aus der
Mehrzahl von Aufgaben entsprechen; und
c) Bestimmen des Verlusts an den Testdatenproben, die dem Subjekt der Aufgabe entsprechen,
basierend auf der einen oder den mehreren schnellen Gewichtungen; und

(iv) Aktualisieren der einen oder der mehreren globalen Gewichtungen basierend auf dem Verlust, der
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basierend auf der Mehrzahl von Aufgaben in der aktuellen Episode akkumuliert wird;

Extrahieren (304), über den einen oder die mehreren Hardwareprozessoren (104),

durch den metatrainierten und feinabgestimmten Audiocodierer einer Mehrzahl von hochdimensionalen
Audiomerkmalen aus dem Eingangsaudiosignal,
durch den metatrainierten und feinabgestimmten Bildcodierer einer Mehrzahl von hochdimensionalen Bild-
merkmalen aus dem Ziellippenbild; und

Erzeugen (306), über den einen oder die mehreren Hardwareprozessoren (104), einer Mehrzahl von hochdi-
mensionalen Audiobildmerkmalen durch Fusionieren der Mehrzahl von hochdimensionalen Audiomerkmalen
mit der Mehrzahl von hochdimensionalen Bildmerkmalen; und
Erzeugen (308), durch den metatrainierten und feinabgestimmten Decodierer über den einen oder die mehreren
Hardwareprozessoren (104), einer Mehrzahl von animierten 2D-Lippenbildern des ungesehenen Zielsubjekts
zum Synchronisieren mit dem Eingangsaudiosignal basierend auf der Mehrzahl von hochdimensionalen Audi-
obildmerkmalen, die als eine Eingabe in den metatrainierten und feinabgestimmten Decodierer dienen.

2. Verfahren nach Anspruch 1, wobei die metalernbasierte modellagnostische Technik für ein vordefiniertes Zeitintervall
beliebig unter Verwendung einer vorbestimmten Anzahl von Trainingsdatenproben feinabgestimmt wird, die dem
ungesehenen Zielsubjekt entsprechen.

3. Verfahren nach Anspruch 1, wobei eine Mehrzahl von intrinsischen Merkmalen des ungesehenen Zielsubjekts
Hautfarbe, Lippenform und Lippenschärfe beinhaltet.

4. Lippengeneratorsystem (100) zum Erzeugen von animierten 2D-Lippenbildern, die mit einem Audiosignal eines
ungesehenen Zielsubjekts synchronisiert werden, umfassend:

einen Speicher (102), der Anweisungen speichert;
eine oder mehrere Kommunikationsschnittstellen (106); und
einen oder mehrere Hardwareprozessoren (104), die mit dem Speicher (102) über die eine oder die mehreren
Kommunikationsschnittstellen (106) gekoppelt sind, wobei der eine oder die mehreren Hardwareprozessoren
(104) durch die Anweisungen konfiguriert sind zum:

Empfangen (302), durch ein Lippengeneratorsystem, eines Audiosignals und eines Ziellippenbilds eines
ungesehenen Zielsubjekts als Eingaben von einem Benutzer, wobei das Lippengeneratorsystem mit tiefen
Sprachmerkmalen unter Verwendung einer metalernbasierten modellagnostischen Technik trainiert wird,
wobei das Lippengeneratorsystem einen metatrainierten und feinabgestimmten Audiocodierer, einen me-
tatrainierten und feinabgestimmten Bildcodierer und einen metatrainierten und feinabgestimmten Decodie-
rer umfasst, wobei jedes animierte 2D-Lippenbild mit dem Eingangsaudiosignal synchronisiert wird, und
wobei das Trainieren des Lippengeneratorsystems unter Verwendung der metalernbasierten modellagnos-
tischen Technik Folgendes umfasst:

Durchführen von Metalernen an einem Trainingsdatensatz, der eine Mehrzahl von Daten umfasst,
wobei jede Daten aus der Mehrzahl von Daten ein Lippenbild eines Subjekts und ein Audiosignal als
Eingabe und die entsprechende Sequenz von Lippenbildern des Subjekts, die mit dem Eingangsau-
diosignal synchronisiert sind, als Ausgabe darstellt, wobei jeder Trainingsdatensatz in eine Mehrzahl
von Episoden aufgeteilt wird;
iteratives Durchführen für jede Episode aus der Mehrzahl von Episoden:

(i) Aufteilen jeder Episode in eine vordefinierte Anzahl von Aufgaben aus einer Mehrzahl von
Aufgaben, wobei j ede Aufgabe aus einer vordefinierten Anzahl von Trainingsdatenproben und
einer vordefinierten Anzahl von Testdatenproben besteht, die einem Subjekt entsprechen;
(ii) Initialisieren einer oder mehrerer schneller Gewichtungen und einer oder mehrerer globaler
Gewichtungen, wobei das eine oder die mehreren Merkmale, die jedem individuellen Subjekt ent-
sprechen, unter Verwendung der einen oder der mehreren schnellen Gewichtungen gelernt wer-
den, wobei die eine oder die mehreren globalen Gewichtungen basierend auf den schnellen Ge-
wichtungen zur globalen Darstellung des einen oder der mehreren Merkmale für den Trainings-
datensatz, der allen Subjekten entspricht, aktualisiert werden;
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(iii) iteratives Durchführen für jede Aufgabe aus der Mehrzahl von Aufgaben der aktuellen Episode:

a) Kopieren der einen oder der mehreren globalen Gewichtungen in die eine oder die mehreren
schnellen Gewichtungen;
b) Aktualisieren der einen oder der mehreren schnellen Gewichtungen unter Verwendung
einer Gradientenabstiegstechnik für Trainingsdatenproben, die der ausgewählten Aufgabe
aus der Mehrzahl von Aufgaben entsprechen; und
c) Bestimmen des Verlusts an den Testdatenproben, die dem Subjekt der Aufgabe entspre-
chen, basierend auf der einen oder den mehreren schnellen Gewichtungen; und

(iv) Aktualisieren der einen oder der mehreren globalen Gewichtungen basierend auf dem Verlust,
der basierend auf der Mehrzahl von Aufgaben in der aktuellen Episode akkumuliert wird;

Extrahieren (304),

durch den metatrainierten und feinabgestimmten Audiocodierer einer Mehrzahl von hochdimen-
sionalen Audiomerkmalen aus dem Eingangsaudiosignal,
durch den metatrainierten und feinabgestimmten Bildcodierer einer Mehrzahl von hochdimensio-
nalen Bildmerkmalen aus dem Ziellippenbild; und

Erzeugen (306) einer Mehrzahl von hochdimensionalen Audiobildmerkmalen durch Fusionieren der
Mehrzahl von hochdimensionalen Audiomerkmalen mit der Mehrzahl von hochdimensionalen Bild-
merkmalen; und
Erzeugen (308), durch den metatrainierten und feinabgestimmten Decodierer, einer Mehrzahl von
animierten 2D-Lippenbildern des ungesehenen Zielsubjekts zum Synchronisieren mit dem Eingangsau-
diosignal basierend auf der Mehrzahl von hochdimensionalen Audiobildmerkmalen, die als eine Ein-
gabe in den metatrainierten und feinabgestimmten Decodierer dienen.

5. System (100) nach Anspruch 4, wobei die metalernbasierte modellagnostische Technik für ein vordefiniertes Zei-
tintervall beliebig unter Verwendung einer vorbestimmten Anzahl von Trainingsdatensatzproben feinabgestimmt
wird, die dem ungesehenen Zielsubjekt entsprechen.

6. System (100) nach Anspruch 4, wobei eine Mehrzahl von intrinsischen Merkmalen des ungesehenen Zielsubjekts
Hautfarbe, Lippenform und Lippenschärfe beinhaltet.

7. Ein oder mehrere nichtflüchtige maschinenlesbare Informationsspeichermedien, die eine oder mehrere Anweisun-
gen umfassen, die, wenn sie durch einen oder mehrere Hardwareprozessoren ausgeführt werden, Aktionen durch-
führen, die Folgendes umfassen:

Empfangen, durch ein Lippengeneratorsystem, eines Audiosignals und eines Ziellippenbilds eines ungesehenen
Zielsubjekts als Eingaben von einem Benutzer, wobei das Lippengeneratorsystem mit tiefen Sprachmerkmalen
unter Verwendung einer metalernbasierten modellagnostischen Technik trainiert wird, wobei das Lippengene-
ratorsystem einen metatrainierten und feinabgestimmten Audiocodierer, einen metatrainierten und feinabge-
stimmten Bildcodierer und einen metatrainierten und feinabgestimmten Decodierer umfasst, wobei jedes ani-
mierte 2D-Lippenbild mit dem Eingangsaudiosignal synchronisiert wird, und wobei das Trainieren des Lippen-
generatorsystems unter Verwendung der metalernbasierten modellagnostischen Technik Folgendes umfasst:

Durchführen von Metalernen an einem Trainingsdatensatz, der eine Mehrzahl von Daten umfasst, wobei
jede Daten aus der Mehrzahl von Daten ein Lippenbild eines Subjekts und ein Audiosignal als Eingabe
und die entsprechende Sequenz von Lippenbildern des Subjekts, die mit dem Eingangsaudiosignal syn-
chronisiert sind, als Ausgabe darstellt, wobei jeder Trainingsdatensatz in eine Mehrzahl von Episoden
aufgeteilt wird;
iteratives Durchführen für jede Episode aus der Mehrzahl von Episoden:

(i) Aufteilen jeder Episode in eine vordefinierte Anzahl von Aufgaben aus einer Mehrzahl von Aufgaben,
wobei jede Aufgabe aus einer vordefinierten Anzahl von Trainingsdatenproben und einer vordefinierten
Anzahl von Testdatenproben besteht, die einem Subjekt entsprechen;
(ii) Initialisieren einer oder mehrerer schneller Gewichtungen und einer oder mehrerer globaler Ge-
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wichtungen, wobei das eine oder die mehreren Merkmale, die jedem individuellen Subjekt entsprechen,
unter Verwendung der einen oder der mehreren schnellen Gewichtungen gelernt werden, wobei die
eine oder die mehreren globalen Gewichtungen basierend auf den schnellen Gewichtungen zur glo-
balen Darstellung des einen oder der mehreren Merkmale für den Trainingsdatensatz, der allen Sub-
jekten entspricht, aktualisiert werden;
(iii) iteratives Durchführen für jede Aufgabe aus der Mehrzahl von Aufgaben der aktuellen Episode:

a) Kopieren der einen oder der mehreren globalen Gewichtungen in die eine oder die mehreren
schnellen Gewichtungen;
b) Aktualisieren der einen oder der mehreren schnellen Gewichtungen unter Verwendung einer
Gradientenabstiegstechnik für Trainingsdatenproben, die der ausgewählten Aufgabe aus der
Mehrzahl von Aufgaben entsprechen; und
c) Bestimmen des Verlusts an den Testdatenproben, die dem Subjekt der Aufgabe entsprechen,
basierend auf der einen oder den mehreren schnellen Gewichtungen; und

(iv) Aktualisieren der einen oder der mehreren globalen Gewichtungen basierend auf dem Verlust, der
basierend auf der Mehrzahl von Aufgaben in der aktuellen Episode akkumuliert wird;

Extrahieren,

durch den metatrainierten und feinabgestimmten Audiocodierer einer Mehrzahl von hochdimensionalen
Audiomerkmalen aus dem Eingangsaudiosignal,
durch den metatrainierten und feinabgestimmten Bildcodierer einer Mehrzahl von hochdimensionalen Bild-
merkmalen aus dem Ziellippenbild; und

Erzeugen einer Mehrzahl von hochdimensionalen Audiobildmerkmalen durch Fusionieren der Mehrzahl von
hochdimensionalen Audiomerkmalen mit der Mehrzahl von hochdimensionalen Bildmerkmalen; und
Erzeugen, durch den metatrainierten und feinabgestimmten Decodierer, einer Mehrzahl von animierten 2D-
Lippenbildern des ungesehenen Zielsubjekts zum Synchronisieren mit dem Eingangsaudiosignal basierend auf
der Mehrzahl von hochdimensionalen Audiobildmerkmalen, die als eine Eingabe in den metatrainierten und
feinabgestimmten Decodierer dienen.

8. Ein oder mehrere nichtflüchtige maschinenlesbare Informationsspeichermedien nach Anspruch 7, wobei die meta-
lernbasierte modellagnostische Technik für ein vordefiniertes Zeitintervall beliebig unter Verwendung einer vorbe-
stimmten Anzahl von Trainingsdatensatzproben feinabgestimmt wird, die dem ungesehenen Zielsubjekt entspre-
chen.

9. Ein oder mehrere nichtflüchtige maschinenlesbare Informationsspeichermedien nach Anspruch 7, wobei eine Mehr-
zahl von intrinsischen Merkmalen des ungesehenen Zielsubjekts Hautfarbe, Lippenform und Lippenschärfe bein-
haltet.

Revendications

1. Procédé, mis en oeuvre par processeur, de génération d’images 2D de lèvres animées synchronisées avec un
signal audio d’un sujet cible non visible, le procédé comprenant les étapes ci-dessous consistant à :

recevoir (302), par l’intermédiaire d’un ou plusieurs processeurs matériels (104), par le biais d’un système
générateur de lèvres, un signal audio et une image de lèvres cible d’un sujet cible non visible, en tant qu’entrées
provenant d’un utilisateur, dans lequel le système générateur de lèvres est entraîné avec des caractéristiques
vocales profondes à l’aide d’une technique agnostique de modèle basé sur le méta-apprentissage, dans lequel
le système générateur de lèvres comprend un codeur audio méta-entraîné et affiné, un codeur d’images méta-
entraîné et affiné et un décodeur méta-entraîné et affiné, dans laquelle chaque image 2D de lèvres animée est
synchronisée avec le signal audio d’entrée, et dans laquelle l’étape d’entraînement du système générateur de
lèvres à l’aide de la technique agnostique de modèle basé sur le méta-apprentissage comprend les étapes ci-
dessous consistant à :

mettre en oeuvre un méta-apprentissage sur un ensemble de données d’entraînement comprenant une
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pluralité de données, dans laquelle chaque donnée de la pluralité de données constitue l’image de lèvres
d’un sujet et un signal audio en tant qu’entrée, et la séquence d’images de lèvres du sujet correspondant
synchronisée avec le signal audio d’entrée en tant que sortie, dans lequel chaque ensemble de données
d’entraînement est divisé en une pluralité d’épisodes ;
mettre en oeuvre itérativement, pour chaque épisode de la pluralité d’épisodes, les étapes ci-dessous
consistant à :

(i) diviser chaque épisode en un nombre prédéfini de tâches parmi une pluralité de tâches, dans laquelle
chaque tâche consiste en un nombre prédéfini d’échantillons de données d’entraînement et un nombre
prédéfini d’échantillons de données de test correspondant à un seul sujet ;
(ii) initialiser un ou plusieurs poids rapides et un ou plusieurs poids globaux, dans lesquelles ladite une
ou lesdites plusieurs caractéristiques correspondant à chaque sujet individuel sont apprises à l’aide
dudit un ou desdits plusieurs poids rapides, dans lesquels ledit un ou lesdits plusieurs poids globaux
sont mis à jour sur la base des poids rapides en vue d’une représentation globale de ladite une ou
desdites plusieurs caractéristiques pour l’ensemble de données d’entraînement correspondant à tous
les sujets ;
(iii) mettre en oeuvre itérativement, pour chaque tâche de la pluralité de tâches de l’épisode en cours,
les étapes ci-dessous consistant à :

a) copier ledit un ou lesdits plusieurs poids globaux dans ledit un ou lesdits plusieurs poids rapides ;
b) mettre à jour ledit un ou lesdits plusieurs poids rapides à l’aide d’une technique de descente de
gradient pour des échantillons de données d’entraînement correspondant à la tâche sélectionnée
parmi la pluralité de tâches ; et
c) déterminer la perte sur les échantillons de données de test correspondant au sujet de la tâche
sur la base dudit un ou desdits plusieurs poids rapides ; et

(iv) mettre à jour ledit un ou lesdits plusieurs poids globaux sur la base de la perte accumulée sur la
base de la pluralité de tâches dans l’épisode en cours ;

extraire (304), par l’intermédiaire dudit un ou desdits plusieurs processeurs matériels (104),

par le biais du codeur audio méta-entraîné et affiné, une pluralité de caractéristiques audio de haute di-
mensionnalité, à partir du signal audio d’entrée,
par le biais du codeur d’images méta-entraîné et affiné, une pluralité de caractéristiques d’image de haute
dimensionnalité, à partir de l’image de lèvres cible ; et

générer (306), par l’intermédiaire dudit un ou desdits plusieurs processeurs matériels (104), une pluralité de
caractéristiques d’image audio de haute dimensionnalité en fusionnant la pluralité de caractéristiques audio de
haute dimensionnalité avec la pluralité de caractéristiques d’image de haute dimensionnalité ; et
générer (308), par le biais du décodeur méta-entraîné et affiné, par l’intermédiaire dudit un ou desdits plusieurs
processeurs matériels (104), une pluralité d’images 2D de lèvres animées du sujet cible non visible afin de les
synchroniser avec le signal audio d’entrée sur la base de la pluralité de caractéristiques d’image audio de haute
dimensionnalité servant d’entrée au niveau du décodeur méta-entraîné et affiné.

2. Procédé selon la revendication 1, dans lequel la technique agnostique de modèle basé sur le méta-apprentissage
est affinée, pour un intervalle de temps prédéfini arbitrairement, en faisant appel à un nombre prédéterminé d’échan-
tillons de données d’entraînement correspondant au sujet cible non visible.

3. Procédé selon la revendication 1, dans lequel une pluralité de caractéristiques intrinsèques du sujet cible non visible
inclut une couleur de peau, une forme des lèvres et une netteté des lèvres.

4. Système générateur de lèvres (100), destiné à générer des images 2D de lèvres animées synchronisées avec un
signal audio d’un sujet cible non visible, le système comprenant :

une mémoire (102) stockant des instructions ;
une ou plusieurs interfaces de communication (106) ; et
un ou plusieurs processeurs matériels (104) couplés à la mémoire (102) par l’intermédiaire de ladite une ou
desdites plusieurs interfaces de communication (106), dans lesquels ledit un ou lesdits plusieurs processeurs
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matériels (104) sont configurés, par les instructions, de manière à mettre en oeuvre les étapes ci-dessous
consistant à :

recevoir (302), par le biais d’un système générateur de lèvres, un signal audio et une image de lèvres cible
d’un sujet cible non visible, en tant qu’entrées provenant d’un utilisateur, dans lequel le système générateur
de lèvres est entraîné avec des caractéristiques vocales profondes à l’aide d’une technique agnostique de
modèle basé sur le méta-apprentissage, dans lequel le système générateur de lèvres comprend un codeur
audio méta-entraîné et affiné, un codeur d’images méta-entraîné et affiné et un décodeur méta-entraîné
et affiné, dans laquelle chaque image 2D de lèvres animée est synchronisée avec le signal audio d’entrée,
et dans laquelle l’étape d’entraînement du système générateur de lèvres à l’aide de la technique agnostique
de modèle basé sur le méta-apprentissage comprend les étapes ci-dessous consistant à :

mettre en oeuvre un méta-apprentissage sur un ensemble de données d’entraînement comprenant
une pluralité de données, dans laquelle chaque donnée de la pluralité de données constitue l’image
de lèvres d’un sujet et un signal audio en tant qu’entrée, et la séquence d’images de lèvres du sujet
correspondant synchronisée avec le signal audio d’entrée en tant que sortie, dans lequel chaque
ensemble de données d’entraînement est divisé en une pluralité d’épisodes ;
mettre en oeuvre itérativement, pour chaque épisode de la pluralité d’épisodes, les étapes ci-dessous
consistant à :

(i) diviser chaque épisode en un nombre prédéfini de tâches parmi une pluralité de tâches, dans
laquelle chaque tâche consiste en un nombre prédéfini d’échantillons de données d’entraînement
et un nombre prédéfini d’échantillons de données de test correspondant à un seul sujet ;
(ii) initialiser un ou plusieurs poids rapides et un ou plusieurs poids globaux, dans lesquelles ladite
une ou lesdites plusieurs caractéristiques correspondant à chaque sujet individuel sont apprises
à l’aide dudit un ou desdits plusieurs poids rapides, dans lesquels ledit un ou lesdits plusieurs
poids globaux sont mis à jour sur la base des poids rapides en vue d’une représentation globale
de ladite une ou desdites plusieurs caractéristiques pour l’ensemble de données d’entraînement
correspondant à tous les sujets ;
(iii) mettre en oeuvre itérativement, pour chaque tâche de la pluralité de tâches de l’épisode en
cours, les étapes ci-dessous consistant à :

a) copier ledit un ou lesdits plusieurs poids globaux dans ledit un ou lesdits plusieurs poids
rapides ;
b) mettre à jour ledit un ou lesdits plusieurs poids rapides à l’aide d’une technique de descente
de gradient pour des échantillons de données d’entraînement correspondant à la tâche sé-
lectionnée parmi la pluralité de tâches ; et
c) déterminer la perte sur les échantillons de données de test correspondant au sujet de la
tâche sur la base dudit un ou desdits plusieurs poids rapides ; et

(iv) mettre à jour ledit un ou lesdits plusieurs poids globaux sur la base de la perte accumulée sur
la base de la pluralité de tâches dans l’épisode en cours ;

extraire (304),

par le biais du codeur audio méta-entraîné et affiné, une pluralité de caractéristiques audio de haute
dimensionnalité, à partir du signal audio d’entrée,
par le biais du codeur d’images méta-entraîné et affiné, une pluralité de caractéristiques d’image de
haute dimensionnalité, à partir de l’image de lèvres cible ; et

générer (306) une pluralité de caractéristiques d’image audio de haute dimensionnalité en fusionnant la
pluralité de caractéristiques audio de haute dimensionnalité avec la pluralité de caractéristiques d’image
de haute dimensionnalité ; et
générer (308), par le biais du décodeur méta-entraîné et affiné, une pluralité d’images 2D de lèvres animées
du sujet cible non visible afin de les synchroniser avec le signal audio d’entrée sur la base de la pluralité
de caractéristiques d’image audio de haute dimensionnalité servant d’entrée au niveau du décodeur méta-
entraîné et affiné.
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5. Système (100) selon la revendication 4, dans lequel la technique agnostique de modèle basé sur le méta-appren-
tissage est affinée, pour un intervalle de temps prédéfini arbitrairement, en faisant appel à un nombre prédéterminé
d’échantillons de données d’entraînement correspondant au sujet cible non visible.

6. Système (100) selon la revendication 4, dans lequel une pluralité de caractéristiques intrinsèques du sujet cible non
visible inclut une couleur de peau, une forme des lèvres et une netteté des lèvres.

7. Un ou plusieurs supports non transitoires de stockage d’informations lisibles par machine comprenant une ou
plusieurs instructions qui, lorsqu’elles sont exécutées par un ou plusieurs processeurs matériels, mettent en oeuvre
des actions consistant à :

recevoir, par le biais d’un système générateur de lèvres, un signal audio et une image de lèvres cible d’un sujet
cible non visible, en tant qu’entrées provenant d’un utilisateur, dans lequel le système générateur de lèvres est
entraîné avec des caractéristiques vocales profondes à l’aide d’une technique agnostique de modèle basé sur
le méta-apprentissage, dans lequel le système générateur de lèvres comprend un codeur audio méta-entraîné
et affiné, un codeur d’images méta-entraîné et affiné et un décodeur méta-entraîné et affiné, dans laquelle
chaque image 2D de lèvres animée est synchronisée avec le signal audio d’entrée, et dans laquelle l’étape
d’entraînement du système générateur de lèvres à l’aide de la technique agnostique de modèle basé sur le
méta-apprentissage comprend les étapes ci-dessous consistant à :

mettre en oeuvre un méta-apprentissage sur un ensemble de données d’entraînement comprenant une
pluralité de données, dans laquelle chaque donnée de la pluralité de données constitue l’image de lèvres
d’un sujet et un signal audio en tant qu’entrée, et la séquence d’images de lèvres du sujet correspondant
synchronisée avec le signal audio d’entrée en tant que sortie, dans lequel chaque ensemble de données
d’entraînement est divisé en une pluralité d’épisodes ;
mettre en oeuvre itérativement, pour chaque épisode de la pluralité d’épisodes, les étapes ci-dessous
consistant à :

(i) diviser chaque épisode en un nombre prédéfini de tâches parmi une pluralité de tâches, dans laquelle
chaque tâche consiste en un nombre prédéfini d’échantillons de données d’entraînement et un nombre
prédéfini d’échantillons de données de test correspondant à un seul sujet ;
(ii) initialiser un ou plusieurs poids rapides et un ou plusieurs poids globaux, dans lesquelles ladite une
ou lesdites plusieurs caractéristiques correspondant à chaque sujet individuel sont apprises à l’aide
dudit un ou desdits plusieurs poids rapides, dans lesquels ledit un ou lesdits plusieurs poids globaux
sont mis à jour sur la base des poids rapides en vue d’une représentation globale de ladite une ou
desdites plusieurs caractéristiques pour l’ensemble de données d’entraînement correspondant à tous
les sujets ;
(iii) mettre en oeuvre itérativement, pour chaque tâche de la pluralité de tâches de l’épisode en cours,
les étapes ci-dessous consistant à :

a) copier ledit un ou lesdits plusieurs poids globaux dans ledit un ou lesdits plusieurs poids rapides ;
b) mettre à jour ledit un ou lesdits plusieurs poids rapides à l’aide d’une technique de descente de
gradient pour des échantillons de données d’entraînement correspondant à la tâche sélectionnée
parmi la pluralité de tâches ; et
c) déterminer la perte sur les échantillons de données de test correspondant au sujet de la tâche
sur la base dudit un ou desdits plusieurs poids rapides ; et

(iv) mettre à jour ledit un ou lesdits plusieurs poids globaux sur la base de la perte accumulée sur la
base de la pluralité de tâches dans l’épisode en cours ;

extraire,

par le biais du codeur audio méta-entraîné et affiné, une pluralité de caractéristiques audio de haute
dimensionnalité, à partir du signal audio d’entrée,
par le biais du codeur d’images méta-entraîné et affiné, une pluralité de caractéristiques d’image de
haute dimensionnalité, à partir de l’image de lèvres cible ; et

générer une pluralité de caractéristiques d’image audio de haute dimensionnalité en fusionnant la pluralité
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de caractéristiques audio de haute dimensionnalité avec la pluralité de caractéristiques d’image de haute
dimensionnalité ; et
générer, par le biais du décodeur méta-entraîné et affiné, une pluralité d’images 2D de lèvres animées du
sujet cible non visible afin de les synchroniser avec le signal audio d’entrée sur la base de la pluralité de
caractéristiques d’image audio de haute dimensionnalité servant d’entrée au niveau du décodeur méta-
entraîné et affiné.

8. Ledit un ou lesdits plusieurs supports non transitoires de stockage d’informations lisibles par machine selon la
revendication 7, dans lequel la technique agnostique de modèle basé sur le méta-apprentissage est affinée, pour
un intervalle de temps prédéfini arbitrairement, en faisant appel à un nombre prédéterminé d’échantillons de données
d’entraînement correspondant au sujet cible non visible.

9. Ledit un ou lesdits plusieurs supports non transitoires de stockage d’informations lisibles par machine selon la
revendication 7, dans lequel une pluralité de caractéristiques intrinsèques du sujet cible non visible inclut une couleur
de peau, une forme des lèvres et une netteté des lèvres.
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